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Abstract

Human Digital Twins are an emerging type of Digital Twin used in healthcare to provide
personalized support. Following this trend, we intend to elevate our virtual fitness coach, a
coaching platform using wearable data on physical activity, to the level of a personalized
Human Digital Twin. Preliminary investigations revealed a significant difference in perfor-
mance, as measured by prediction accuracy and F1-score, between the optimal choice of
machine learning algorithms for generalized and personalized processing of the available
data. Based on these findings, this survey aims to establish the state of the art in the selec-
tion and application of machine learning algorithms in Human Digital Twin applications
in healthcare. The survey reveals that, unlike general machine learning applications, there
is a limited body of literature on optimization and the application of meta-learning in
personalized Human Digital Twin solutions. As a conclusion, we provide direction for
further research, formulated in the following research question: how can the optimization
of human data feature engineering and personalized model selection be achieved in Human
Digital Twins and can techniques such as meta-learning be of use in this context?

Keywords: personalization; human digital twin; machine learning; healthcare; artificial
intelligence; coaching

1. Introduction
The concept of Digital Twins (DTs) originated in the 1970s when NASA introduced

mirrored systems in its Apollo Program to monitor spacecraft during missions. It was in
their 2010 and 2012 Technology Roadmaps that they first coined the term Digital Twin [1].
Since then, the concept of using a simulated environment to model a real-world system has
proven to be a highly useful and powerful tool. Following the latest developments in in-
dustry and technology, the concept has evolved from systems using exact physical replicas
to virtual systems with digital copies of the physical world, Digital Twins. Because of this
constant evolution, there is no unified definition of Digital Twins [2]. However, the con-
sensus is that Digital Twins consist of the following three minimum components. (i) The
physical object or physical twin, the object that is monitored. (ii) The digital duplicate,
or Digital Twin, where a model of the monitored object is generated and interventions or
optimizations can be evaluated. (iii) The bidirectional data flow between these two [3],
which ensures that the physical and digital twins remain in sync.
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Today, Digital Twins are applied in various industries, including manufacturing,
human–cyber systems [4], healthcare, aerospace, smart cities, and business [5]. They can be
used, among other things, for data visualization, to optimize the performance of physical
objects or systems in real time, to predict the future behavior of their physical twins, or even
in online sales [6].

Since it is essential for a Digital Twin to emulate the state of a physical twin, it is
important that the Digital Twin is fed with all the relevant information from the physical
twin and its surroundings. In systems where human data is processed, as is common
in healthcare, data collection can be complicated. First, it can be challenging to collect
a robust number of samples. This can be due to ethical and privacy considerations [7]
that must be taken into account when handling personal data or the fact that the research
focuses on a specific group of patients or a select group of participants. The result of these
challenges is that research and experimentation often have to be performed on datasets
with relatively small sample sizes, making it more difficult to reach general conclusions,
prevent overfitting of generated models, and achieve sufficient statistical accuracy [8].
In some cases, historical datasets can be used to complement acquired data [9]. If this is not
a viable solution to overcome this problem, simulated data can be used [10].

Another challenge lies in the fact that humans are complex organisms and have proven
to be difficult to integrate into digital systems. Not only can it be technically complicated to
acquire the desired readings, but consistent and complete data acquisition also depends
on the participant’s or patient’s willingness to be monitored. Disloyalty to the research
program can lead to data gaps, which require a systematic approach to data imputation [11].

For these reasons, in the healthcare sector, Digital Twins have traditionally been used
primarily for predictive maintenance of medical equipment to improve its performance [12,13].
Additionally, Digital Twins have been utilized in hospital management to enhance patient
care coordination. A special kind of Digital Twin is the Human Digital Twin (HDT).
Originally, these refer to generic virtual models that represent digital replicas of organs
or emulations of the human body as a whole. The models used in these HDTs are based
on data collected from multiple patients, resulting in digital duplicates that simulate
expected generic behavior. Because of this, these applications cannot be classified strictly
as personal HDTs.

With the introduction of devices that interact and communicate over the Internet,
the Internet of Things (IoT), Big Data, Cloud Computing, and developments in Artificial
Intelligence (AI), and specifically Machine Learning (ML), the availability of data and
data processing has improved [14]. Specifically, innovations in wearables have made a
wider range of measurements available, providing personalized information on individual
activity, physical state, and even emotional state. Together with the improved quality of
the collected data, this has opened up all sorts of new opportunities for the application of
personalized Human Digital Twins in healthcare where predictions and interventions are
based on the results of models generated using only personal data.

With these personalized HDTs or patient Digital Twins, the focus lies more on per-
sonalizing and individualizing treatments and therapy aimed at changing the behavior
of patients or participants [15]. Personalized models enable the achievement of precision
healthcare, facilitating proactive patient care, early disease diagnosis and detection [16],
and the possibility of preventive care.

Taking these developments into account, our research group decided to investigate the
possibilities of elevating our personalized physical activity coaching application, the Virtual
Fitness Coach (VFC) platform [17,18], to the level of a personalized HDT. In the first step to
achieve this, we focused on evaluating the performance of machine learning techniques
used to perform the predictive tasks, we established that the efficiency and usability of
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personalized applications such as the VFC platform depend not only on the quality and
completeness of the data being used but also on the way this data is processed. This
motivated us to determine the state of the art of the application and selection of ML
techniques used in the AI cores of HDTs that perform the predictive and analytical tasks.

The rest of this paper is organized as follows: In Section 2, a further motivation for this
survey is presented. Next, in Section 3, we discuss the context, definitions, and direction
of the survey. Related surveys are given in Section 4. In Section 5, the main findings of
existing research on the topic are presented. Finally, the conclusion and suggestions for
further research are discussed in Section 6.

2. Motivation
2.1. The Virtual Fitness Coach, an Example of a Personalized Application

The purpose of the VFC platform is to provide coaching to individuals who work
sedentary jobs, promoting a healthy lifestyle and physical activity during the workday.
Based on step data collected using wearable devices, the platform predicts whether a daily
goal will be achieved and then sends personalized coaching if necessary. The evaluation
of step data can be performed using personalized models that have been trained with
individual data or generalized models trained with data from all participants.

As with other examples in this domain, the extent to which the application goal
is achieved, that is, the quality of the coaching, strongly depends on the way the data
is processed and the accuracy of the predictions made, i.e., the quality of the coaching
stands or falls with the performance of the machine learning implementations. Inappro-
priate or poorly timed interventions will cause the participant to lose interest in using the
platform [19,20].

2.2. Preliminary Results

Our research in [21] focused on personalizing ML implementations on the VFC plat-
form. Using general guidelines for selecting ML classification algorithms based on the
data structure and problem characteristics, eight different algorithms were tested, Ad-
aBoost (ADA), Decision Trees (DTC), k-Neighbors (KNN), Logistic Regression (LR), Neural
Networking (NN), Stochastic Gradient Descent (SGD), Random Forest (RF), and Support
Vector Classifiers (SVCs). This selection includes algorithms that have the potential to
perform well on the given problem but also provides different algorithms for classification.
The results show that the performance evaluation of the selected algorithms, based on the
complete set of participants, does not give the same results as the performance evaluation
based on a single participant. First, the performance metrics for personalized models are
significantly better than those for general models, and secondly, for personalized models,
the highest accuracy is obtained by the DT and RF models, whereas for general models, the
ADA, NN, SGD, and SVC models show better results.

To illustrate these findings, some of the results presented in this article are reproduced
in Figure 1. In this graph, the accuracy and F1-scores in the test sets are compared for the
models generated using eight different classifiers. The first bars represent the accuracy
and F1-score results for the models generated using data from all participants. The second
bars are the results of the personalized models for each participant. In this case, for each
participant, eight different models were fitted using a cross-validated grid search with the
selected classifiers, resulting in eight models per participant. In all cases, a 30–70% split was
used for the test and training sets. The precision and F1-score reflect the model’s capacity
to predict the probability that a participant will achieve the step goal at the end of the day
based on the hour of the day and the activity recorded up to that hour for the participant.
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Figure 1. Algorithm F1-score and accuracy comparison using the average of the results obtained by
using personalized models and general models, as presented in [21].

Due to the stochastic nature of some algorithms used, the results presented here
differ slightly from those in the original paper. Furthermore, a more recent version of
Scikit-Learn had to be used, which resulted in improved results for the k-Neighbors,
Neural Networking, and Stochastic Gradient Descent classifiers. These differences do not
alter the interpretation of the results, namely that not only does personalized modeling
yield higher performance scores, but we also observe that the ranking of classifiers is
significantly different. The results discussed in [21] also show that the optimal choice of the
ML algorithm and the settings of the corresponding parameters differ from individual to
individual, underlining the fact that a personalized approach should be considered when
using data from several individuals, obtained with the use of wearables.

2.3. Research Goals

In our research presented in [21], model fitting was performed using all algorithms on
both the complete dataset and individual datasets. This is a very time-consuming process
that should be optimized. Reflecting on these findings and the intention to achieve an
HDT implementation of the VFC platform, several questions were raised. What do we
know about the performance and selection of ML algorithms in similar applications? What
are the arising challenges in the context of personalized HDT applications where the data
used is generated by human actions or other human sensor data? Are there more efficient
ways to achieve model personalization, for example, based on the characteristics of the
individual dataset? To the best of our knowledge, there are currently few answers to these
questions. Therefore, to obtain an overview of what is known and to guide our future
research, we present a survey on the use of Machine Learning approaches for personalized
coaching with Human Digital Twins.

3. Context, Research Questions, and Search Strategy
3.1. Context

As with DT definitions, there is no uniform definition of a HDT. We use the following
definition. A Human Digital Twin is any application that uses personal and environmental
data to model the behavior of individuals, enabling personalized coaching or interventions.

Although there are many versions of the HDT architecture [5,14,22,23], in general,
the following components or layers can be identified [24]. A data acquisition layer, where
IoT sensor data, wearable device readouts, stored data, or manual input are collected.
A storage layer that usually includes data denoising and preprocessing modules. An analy-
sis and computation layer. In this layer, ML is used to evaluate input and create predictive
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models. And finally, there is a user-interaction layer. In this layer, the state simulation is
implemented, and communication with the physical twin or other stakeholders is realized.

As an example, the proposed architecture of the HDT version of our VFC platform [17]
is shown in Figure 2. This platform communicates with the application that participants
install on their mobile phone and can be monitored using an administration dashboard.
Neither of these components is presented in this figure. The data acquisition layer has
three components. During the registration process, participants submit a selection of
personal data using the mobile application. During the participation period, data from a
wearable device is collected using the API provided by the wearable device manufacturer.
In addition, weather and location data will be collected using the mobile phone and
available weather services.

Figure 2. Virtual fitness coach components.

In the preparator, the wearable data is transformed into a format that can be used by
the goal modeler. In this layer, it is also possible to apply feature selection algorithms to
optimize the input of the motivator. In the analysis and computation layer, three processes
take place. (i) Using supervised learning and data collected during the intake period,
classification models are generated to predict the likelihood of participants achieving
their daily activity goal. (ii) Daily activities are monitored and fed into the models to
obtain predictions. (iii) The predictions are evaluated to detect model drift and participant
adaptation, in which case models will be regenerated or reassigned.

If necessary, the recommendation system can trigger an intervention that is generated
in the user-interaction layer. Here, the motivator selects an intervention based on the
personal data collected on intake and current state. This will be communicated through the
messenger service to the mobile app. After that, the participant can provide feedback that
will be used as input for the reinforcement learning component of the motivator.

3.2. Research Questions

This example clearly shows that ML can be applied in several components of HDTs.
In this study, we will focus on establishing the state of the art in the selection and opti-
mization of ML algorithms in personalized HDT applications in healthcare. To establish
this state of the art, the first component to consider is machine learning algorithms, their
applications, and current guidelines in algorithm selection. The second component is the
application of ML in HDT applications within healthcare. In this survey, we are interested
in evaluating the performance of personalized ML implementations of these HDTs. The last
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component is the human behavior datasets, their characteristics, and their relevance in the
process of selecting the ML algorithm. From these three components, we can formulate the
following questions that need to be answered to arrive at the state of the art.

1. What is the general approach used when selecting and evaluating ML algorithms?
2. Which ML algorithms are relevant in personalized HDTs?
3. How is the performance of ML implementations evaluated in HDTs?
4. What do we know about the influence of the characteristics of human (behavior)

datasets on the performance of different ML algorithms?

3.3. Search Strategy

To answer the questions formulated above, the following steps were performed.
A graphical representation of this process is given in Figure 3.

1. Defining search terms and inclusion criteria by evaluating the research questions.
2. Collecting articles by selecting the right sources and performing search queries.
3. Screening and selection of relevant articles by applying the inclusion criteria.
4. Extending the search through the inclusion of relevant references. Repeat step 3.
5. Analyzing the findings to answer the research questions and presenting the results,

this is conducted in Section 5.
6. Discussing and interpreting the results, this is conducted in Section 6.

Figure 3. Research process.

3.3.1. Definition

In Table 1, the search terms that were used for the four questions are given.

Table 1. Search terms used per question.

Question Search Terms

1 machine learning algorithms followed by overview, selecting, optimizing,
performance evaluation metrics.

2 Digital Twin healthcare, Human Digital Twin followed by algorithms,
personalized healthcare, coaching, machine learning.

3 Human Digital Twin followed by performance evaluation, optimization.

4 human Digital Twin meta learning, machine learning followed by human
behavior data sets, data set characteristics evaluation, data set meta learning.
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Studies of any design were included in this survey. For the first two questions, we
excluded articles that did not include a comparison between different algorithms when
evaluating their results. For questions 3 and 4, only papers that gave technical details on
the implementation of the computational component were included.

3.3.2. Collection, Screening, and Extension

We utilized the search engines of Hanzemediatheek, 136 underlying databases,
and those of Sorbonne University, comprising 236 databases. Further use was made
of Google Scholar, with an undisclosed number of databases. Searches were conducted
between September 2023 and September 2024, and no language or date restrictions were
applied. All results found were retrieved in the BibTeX format. This data was transformed
into JSON to import it into Excel, where screening and eligibility checks were performed.
In this process, all articles that did not appear in a publication related to computer science,
were not published in English, or did not meet the requirements mentioned in the previous
section were excluded. The remaining articles were accessed online to be evaluated for
eligibility. Articles found eligible were imported into the Mendeley Reference Manager,
where further processing was performed. The results of this process can be seen in Figure 4.

Figure 4. Search results.
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4. Related Works
4.1. Surveys on Machine Learning Applications

Alzubi et al. [25] provide a comprehensive introduction to ML processes and algo-
rithms. A framework for categorizing ML algorithms into different paradigms is presented,
and a selection of the most common algorithms is categorized accordingly. One of the
challenges identified in this paper is the need for large volumes of data to improve accuracy
and efficiency, as well as the sparsity of data in fields such as healthcare.

A much more elaborate exposition can be found in Sarker [26]. The aim of his article is
to identify the challenges and research directions in the application of machine learning by
looking at the components that define the field, namely, data, algorithms, and real-world
applications. Based on the type of Machine Learning and the kind of task that must be
performed, the algorithms are divided (see also Section 5). After discussing ten popular
application areas, their first conclusion is that the effectiveness and the efficiency of a machine
learning-based solution depend on the nature and characteristics of the data and the performance
of the learning algorithms. Another conclusion they draw is that selecting a proper learning
algorithm that is suitable for the target application is challenging. The reason is that the outcome of
different learning algorithms may vary depending on the characteristics of the data. Selecting the
wrong learning algorithm would result in producing unexpected outcomes that may lead to loss of
effort, as well as the model’s effectiveness and accuracy.

In [27], Mahesh provides an introductory overview of the most widely used algorithms.
Although general guidelines are given on when different algorithms are applicable, no
systematic approach is given. For example, about the transductive support vector machines
(TSVMs), they say: Around it, there has been mystery because of lack of understanding its
foundation in generalization.

These three articles provide general guidelines for the selection and classification of
ML algorithms. In [27], only a limited selection of algorithms belonging to the supervised
and unsupervised learning paradigms are discussed, whereas in [25], the applicability and
limitations of algorithms belonging to all paradigms are presented. In [26], the different
algorithms are discussed according to the task they perform. Together, these surveys
provide a starting point for answering our first research question.

A good example of a survey with a more specific focus on a healthcare problem
is the work by den Hengst et al. [28]. In their work, they discuss the applications of
reinforcement learning (RL) to personalize digital systems. Among other things, they
provide an overview of the evaluation strategies employed in the solutions used in the
studies examined. In discussing their results, they state the following: Similarly, the results
show no increase in the relative number of studies with a comparison of approaches over time. These
may be signs that the maturity of the field fails to keep pace with its growth. This is worrisome,
since the advantages of RL over other approaches or between RL algorithms cannot be understood
properly without such comparisons. Such comparisons benefit from standardized tasks. Developing
standardized personalization datasets and simulation environments is an excellent opportunity for
future research.

Early work on the use of machine learning algorithms in healthcare can be found in
Yoo et al. [29]. In their work, they provide guidelines on how to utilize various algorithms
in the biomedical and healthcare fields, depending on the specific task that needs to be
performed. After identifying a number of problems and challenges with data mining
in healthcare, their final conclusion is that An ideal data mining package should (1) support
intelligent data preprocessing that automatically selects and eliminates data for the purpose of data
mining and uses domain knowledge for various data processes, and (2) fully automate the knowledge
discovery process so that it understands and utilizes existing knowledge in data mining processes
for better knowledge discovery.



Appl. Sci. 2025, 15, 7528 9 of 28

In both articles, a number of ML algorithms are discussed. Ref. [28] focuses specifi-
cally on algorithms used in RL, while [29] lists a number of classification and clustering
algorithms. The findings of these surveys show general guidelines for the selection and
applicability of the algorithms discussed, which gives us part of the answer to the second
research question we formulated.

4.2. Surveys on Digital Twins

As can be seen in the survey conducted by Semeraro et al. [30], there is abundant ma-
terial on DTs, as well as surveys on the subject. More general surveys on technologies and
applications can be found in the works of, for example, Barricelli et al. [3] or Fuller et al. [2].
Surveys with a more general discussion of (H)DTs can be found in [31–36]. In these reviews,
the focus lies more on the history of HDTs, the architecture and components that make up
an HDT, and the ethical questions surrounding the use of HDTs.

The work of Gámez et al. on DTs in coaching [37], and the study by Minerva et al. on
the IOT context of DTs [38], are also worth mentioning. In the first report, an overview
of the algorithms, sensors, and platforms most used in DT applications for coaching can
be found. In the second one, all the aspects that should be considered in setting up a
DT architecture are discussed. Although the focus lies on industry, one of the scenarios
examined in depth is that of a digital patient.

In our study, we focus on the healthcare applications of HDTs and the implementation
of machine learning in this context. Several surveys related to this area have been found.
In the work of Mihai et al. [5], a section is dedicated to the different machine learning
algorithms that are used in DT implementations. They find that the use cases and services
implemented generally determine the choice of model, but they also state, However, ML
models, and in particular DL (Deep Learning) methods, are generally perceived as black boxes .

When looking at surveys on Human Digital Twins, a general overview can be found
in the article by Lin et al. [12]. Five different types of human data are defined, and HDTs
are grouped based on two criteria. The first is the type of modeling, which includes human
body/organ modeling and human behavior modeling, with subdivisions such as activity,
social interaction, and lifestyle. The second is the application domain, healthcare, industry,
or daily life. Two surveys that look at the architecture of HDTs in healthcare are [14,23]. Both
articles end with a list of open challenges. In both lists, the need for a better understanding
of ML frameworks is mentioned. Furthermore, [23] underscores the challenges that arise
due to the complexity of data collection, preparation, and processing, and [14] states that
The deployment of twins for healthcare is mainly affected by two factors, available computing power
and latency.

Although these surveys provide a clear overview of the architectures used in HDTs,
they do not investigate the selection and application of ML algorithms in detail, which is
required to answer the last three research questions we formulate.

5. Principal Results
In this Section, the answers to the four research questions will be presented. Each

subsection focuses on one of the questions and will be preceded by a categorized listing of
the relevant articles.

5.1. Findings on Machine Learning

The aim of this section is to answer the first research question, What is the general
approach used when selecting and evaluating ML algorithms? As can be seen in Table 2,
the selection process found a total of 47 articles that had related studies or presented a
relevant study on ML. Of the 32 articles that were found on ML, 9 discussed selection
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methods for ML algorithms and 11 focused on ML performance. A further five articles
touched on both subjects.

Table 2. Articles found on machine learning.

Category Publications

Machine learning algorithms general [39–45]

selection [2,25–27,46–50]

performance [8,29,51–59]

both [28,60–63]

The articles listed in this section provide general information and definitions of se-
lection criteria. Most often, algorithms are selected since they are known to perform well
under certain general conditions. More specific methods for selecting ML algorithms are
found in the publications selected to answer the final question. These will be discussed in
Section 5.4.

Since there are some minor differences in the way ML algorithms are categorized, this
section presents the definitions and concepts that will be used throughout the rest of this
study. Since these are general definitions, readers with advanced knowledge of the subject
may want to skip to the next Section.

The basic concept of AI is to use a set of rules and available information to make
a decision (reasoning). For example, in game playing, the result of possible next moves
can be scored using a given heuristic, resulting in the best move based on the highest
score. The concept of AI can be enhanced by integrating learning with reasoning. The term
“Machine Learning” was introduced in 1959 by Arthur Samuel [39] in precisely this context,
when he discussed machine learning procedures using the game of checkers. Learning is
achieved when decisions are not made based on previously coded rules, but rather based
on experience. A widely used definition of machine learning, expressing this idea, was
given by Mitchell [40] in 1997.

A computer program is said to learn from experience E with respect to some task
T and some performance measure P, if its performance on T, as measured by P,
improves with experience E.

5.1.1. Algorithm Selection and Classification

The way learning is achieved, i.e., the algorithm used, can be categorized into learning
model paradigms. Using the broadest definition, four paradigms, as shown in Table 3,
are generally identified: Supervised Learning (SL), Unsupervised Learning (USL), Semi-
Supervised Learning (SSL), and Reinforcement Learning [26]. As can be seen from the
definitions, this classification of learning models is based on the labeling and rules known
from the available information, as well as the way feedback is given or processed. Our
findings show that all paradigms are used in the context of HDTs.

In some cases, multiple algorithms are used, which do not have to be of the same
paradigm. In these cases, using more specific definitions and criteria, looking, for example,
at the character of the feedback, or the structure and architecture of the algorithm, other
paradigms can be defined, such as multitask learning, evolutionary learning, ensemble
learning, instance-based learning, dimensionality reduction algorithms, hybrid learning,
neural networks, and deep learning [2,25,27].

The classification of ML algorithms can be refined by looking at the objective of the
algorithm [25,26]. These objectives can be divided into three categories: Data, Solution,
and Mixed. The two types of problems that belong to the data category focus on improving
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the processing of the data by obtaining information about the structure of the input data or
modifying the data. These types include dimensionality reduction and feature learning,
as well as association rule learning.

Table 3. Machine learning paradigms.

Paradigm Description

Supervised
Learning

In Supervised Learning, a set of labeled training data is used to
learn a mapping between the input and output variables.
The predictions made by the algorithm are based on historical data.

Unsupervised
Learning

In Unsupervised Learning, the aim is to discover hidden structure
in unlabeled data with minimal human supervision. It is used to
identify existing patterns in the data that have not been previously
identified and to create rules based on them.

Semi-Supervised
Learning

In Semi-Supervised Learning, both labeled and unlabeled data are
utilized to learn from the structure present in the unlabeled data
and use it to improve the model’s accuracy. It is used when a large
amount of unlabeled data is available and only a small amount of
labeled data is available.

Reinforcement
Learning

In Reinforcement Learning, rewards and punishments are used to
teach an AI agent how to behave in an environment. Learning
results from interactions with the environment, rather than from
labeled datasets. By taking actions that lead to the highest reward,
while avoiding actions that lead to punishment, the AI agent
maximizes the reward it receives from its environment.

The five types that focus on processing the data into new information form the solution
category: Classification analysis, which assigns a class label to an input data point based on
its features. Regression analysis models the relationship between a dependent variable and
one or more independent variables by fitting a linear equation to observed data. Cluster
analysis involves exploring and analyzing the structure of a dataset, identifying patterns,
and discovering natural groupings of data points. Reinforcement learning uses rewards and
punishments to teach an AI agent how to behave in an environment. Anomaly detection
involves identifying data points that are unusual or out of the ordinary compared to the
rest of the data.

The last category mentioned is the mixed category, which contains problems involving
artificial neural networks and deep learning, where a combination of the other categories is
used. This classification is summarized in Table 4.

Table 4. Classification of ML techniques based on the objective.

Objective Type

Data Dimensionality Reduction and Feature Learning

Association Rule Learning

Solution Classification

Regression

Clustering

Reinforcement Learning

Anomaly Detection

Mixed Deep Learning
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5.1.2. Evaluation and Improvement of Performance

Once implemented, the evaluation of algorithm performance can be divided into
operational performance, measured in speed and training time, and analytical performance,
whose metrics depend on the type of prediction. When the prediction can be classified as
true or false, accuracy, precision, recall, specificity, F1-score, and Area Under the Curve
are used. These metrics are calculated using the number of true and false positives and
negatives [51,56]. When considering regression problems, metrics such as the fitting error,
model accuracy error, root mean square error, variance interpretation rate, coefficient of
determination, and Pearson correlation coefficient can be used.

Although operational performance can be important, most evaluation efforts focus
on analytical performance. There are several approaches to improving the performance
of algorithms. The most common is to use training data or data acquired during an
evaluation period to compare the performance of several algorithms. Generally, this
requires a significant amount of processing time, research time, and effort. Therefore,
these evaluations are conducted at a single point in time, typically at the application’s
conception. This approach is particularly useful when examining systems where behavior
remains constant over time, meaning the correlation between data features and observed
results remains unchanged. This approach can be used, for example, in developing models
to predict the prevalence of influenza-like diseases [52], or in industrial situations when
developing smart control applications.

Another approach to improving analytical performance is to divide the problem to be
solved horizontally or vertically. With horizontal division, we refer to the implementation
of several layers of algorithms or parts thereof. Vertical division, similarly, refers to the
parallel implementation of components. Deep learning, Ensemble learning, and Multi-Task
learning are examples of this approach. The idea behind this approach is to simulate the
human thinking process, which operates at multiple levels, rather than a simple one-layer
algorithm. The aim is to be able to understand more complex problems, such as facial
recognition or automated text generation [54]. This approach is also used in the analysis of
time series for anomaly detection or forecasting of regression results [52,55].

Hybrid learning is a similar approach to improving the performance of an ML solution.
The main advantage of hybrid learning is that it combines the strengths of SL and USL. This
allows for more accurate predictions and better generalization of the model; An example
focused on mortality prediction in COVID-19 cases can be found in [59]. Additionally,
hybrid learning can be utilized to reduce the amount of labeled data required for training,
which is particularly beneficial when labeled data is scarce or expensive to obtain.

5.2. Findings on Machine Learning Algorithm Selection in Human Digital Twins

In Table 5, a list of the relevant articles found for questions 2 and 3 can be found.
A total of 34 articles were found that discuss HDTs or aspects of personalized systems.
Seven articles were found that addressed performance issues for HDTs. The articles listed
in the general subcategory have been discussed in the previous sections. For the articles in
the other three subcategories, an overview of the algorithms discussed, the datasets used,
and the most relevant findings can be found in Tables A1–A4 in Appendix A.
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Table 5. Articles found on personalization and Human Digital Twins.

Category Publications

Machine Learning and
Human Digital Twins general [4–6,12–14,16,22,24,35,36,38]

single case example [11,42,49,56,64–67]

personalization [21,23,28,37,50,53,68–75]

performance [15,28,48,53,68,76–78]

As described in Section 3, HDTs generally consist of several components or layers.
In Figure 2, we can see that ML solutions can be implemented in most of these layers.
The choices for the data acquisition or storage layer will, in general, be made by examining
the options provided by algorithms suited for the data category. For the user-interaction
layer, the most appropriate approach is found in the solutions supplied by RL-type algo-
rithms. The implementation of the computation component is determined by the kind
of modeling used in HDTs, the modeling of the human body or organ, or the modeling
of behavior [12], but also by the objective of the computation component, as defined in
Table 4.

The focus in this Section, and the next one, lies on the use of solution-type algorithms
in HDTs. Section 5.4 will focus on the data-type algorithms in HDT implementations.
In Table 6, several examples of HDT or healthcare applications and their corresponding
problem types are given.

Table 6. Problem types from the solution categories and examples in HDTs.

Type Example

Classification

Condition score in fitness management [11], emotion
recognition in healthcare [42,65], user behavior
modeling [53], disease classification [48,77], diagnose heart
disease and detect heart problems [56,73,76], coaching
applications [21]

Anomaly Detection Ischemic heart diseases and stroke detection [64],
anomalous behavior detection for elderly care [70]

Regression Diagnosis and progression of cancer [66], metabolism
models [68]

Reinforcement Learning Personalized medicine prescription [28], personalized
health interventions [72], coaching applications [21]

Clustering
Osteoarthritis endotype discovery [74], identifying
biomarkers of lung health [75], unsupervised ECG
analysis [49], personalized coaching applications [78]

In [11], a team of HDTs is used to predict the physical condition of participants during
training for a team of athletes. Their work illustrates the challenges encountered when
dealing with human data, specifically missing data, and much attention is therefore paid
to data imputation. In [56,64,66], examples of human body or organ twinning are given.
As is often the case, training data is usually based on patient databases and is therefore less
personalized. As can be seen from the examples in this table, all types of problems within
the solution category find applications in HDTs or healthcare settings.

Clustering examples, in general, involve USL models applied to data obtained from
large groups of patients, used to identify patient groups. These models have traditionally
not been used in personalized HDT applications; however, in [50], Trezza et al. provide an
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overview of recent developments in precision medicine, an essential aspect of personalized
healthcare, using USL.

In Table 7, the algorithms that are evaluated in the examples given in Table 6 are listed.
The source of the model indicates whether a single model was generated based on the
entire population (Group), multiple models were generated based on data from individual
participants (Individual), or multiple models were generated based on clustering or a
specific selection criterion (Other).

Table 7. Application objective, algorithms, and personalization level.

Category Algorithms Model Source

Anomaly Detection [64] CNN. Group

[70] Wide range of classification
techniques. N/A

Classification [21] ADA, DTC, KNN,LR, NN,
RF, SGD, SVC. Group and Individual

[77] CNN, RF. Group
[48] NB, KNN, RF. Group

[53]
ZeroR, NB, DTC, RF, SVM,
KNN, ADA, LR, RIPPER,

RIDOR, ANN.
Individual

[42] RF, CNN, K-Means. Group
[11] KNN, SVM. Individual
[56] RF, LR, SVM, C5.0. Group
[76] CNN, LSTM, MLP, SVC, LR. Group
[73] LR. 4 Age Groups

[65] Bagged trees, KNN, SVM
(Linear and Cubic). Group

Clustering [49] Wide range of unsupervised
methods. N/A

[75] K-Means. Group

Clustering and
Classification [74] K-Means, followed by RF Group and 3 Clusters

[78] Manual clustering and RF. 3 Clusters

Regression [68] SARIMAX, LSTM, GRU,
Transformer. Group

[66] LR, DTR, RFR, GBA. Group

Reinforcement
Learning [72] Q-learning, LSPI, combined

with K-medoids clustering.
Group, Clusters, and

Individual

The selection of algorithms in the listed articles is, in most cases, based on general
guidelines or expected potential to perform well. The conclusions in most articles are
limited to presenting the algorithm that has the best performance for the given use case,
without providing insight into the underlying reasons. Only [53,76] compare a wider selec-
tion of algorithms. Whereas the conclusions in [76] are restricted to the presented use-case,
ref. [53] does reflect on the results. This study demonstrates that tree-based models yield
more accurate predictions for context-aware smartphone usage models. In comparison,
neural network-based models do not achieve the same prediction accuracy. One of the
reasons suggested in this article is the limited number of samples in individual phone
usage data.

Apart from our work in [21], no studies were found that compare algorithm selection
or performance using individual and group models. However, in their discussion on the
use of clustering techniques to generate labels used for classification in anomaly detection,
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Nezambadi et al. [49] state that Patient-specific ECG classifiers—trained classifiers that are
fine-tuned over the ECG of the given patient—have shown superior performance over classifiers
trained on a common ECG pool, confirm our findings.

In conclusion, we can say that, based on the type of problem, a first selection of
applicable machine learning models and algorithms can be made. Together with the
learning model paradigm that must be chosen based on the availability of labels and
information in the data, as described in Table 6, a complete classification of ML algorithms
can be achieved. This classification then provides possible choices for algorithm selection,
which can be refined by considering whether the models are generated using group data or
individual data.

5.3. Findings on Human Digital Twin Performance Evaluation

Because humans are generally an active part of the system as patients or participants,
one of the concerns that arises is that trust and motivation to participate play a crucial role
in the data collection process, as well as in how output is received and responded to [15].

Motivational and trust issues can arise when the user experience is not optimal.
The quality of this experience is determined by the choices made in the HDT’s user inter-
face layer. A good example of a survey with a more specific focus on ML implementations
in this context is the work by den Hengst et al. [28]. Among other things, they concluded
that further comparison of RL algorithms is needed and that the development of standard-
ized personalization datasets and simulation environments is a promising direction for
future research.

Another concern with personalized healthcare that must be taken into account is
that, unlike industrial applications of DT, the physical twin itself is a cognitive being that
interacts dynamically with its environment. The object of the DT is itself a learning subject,
changing its behavioral patterns over time, which can lead to model or data drift. This
means that adaptability and flexibility are essential considerations when designing and
implementing HDTs.

For both of these concerns, evaluating the algorithm’s performance can be part of
the mitigation actions. This will enable the improvement of the accuracy of suggested
interventions, calculated predictions, or the provision of more accurate feedback. Several
studies were found that discussed the methods and results of such evaluations. A good
example can be found in [68], where the implementation of a personalized metabolic
avatar is described. In this work, the performance and computational time of four different
models—SARIMAX, GRU, LSTM, and Transformer—were evaluated. Based on the experi-
ment’s results, a candidate for implementation in the production environment is suggested.
An interesting point that they made in their discussion of the results is that some of the
models exhibited significant variability among users. A related issue that could not be
addressed in their study, due to the limited number of participants, was whether it would
be more effective to have different models for different groups within the population or to
train one model for all data.

In Table 8, an overview is given of the evaluation metric applied in the discussed
articles. As can be seen from these results, only three articles discuss computational or
execution time. In [48,68], the authors look at the performance of the selected algorithms
measured at execution time, but no significant conclusions are drawn. In [78], the difference
in model generation time between a clustered and a personalized approach is evaluated,
and a substantial reduction in computational time is obtained.
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Table 8. Application objective and evaluation metric.

Category Evaluation Metric

Anomaly Detection [64] Accuracy.
[70] Accuracy, precision, recall and F-scores.

Classification [21] Accuracy and F1-score of classification using
generalized or personal models.

[77] Confusion matrix.

[48] Accuracy, precision, recall, F-measures,
and execution time.

[53] Precision, recall, F-measures, kappa, CCI, ICI,
ROC, MAE, and RMSE.

[42] Accuracy.
[11] Classification loss.
[56] Accuracy, sensitivity, specificity, precision, AUC.
[76] Most metrics applicable to classification.
[73] F1-score, AUC and accuracy.
[65] Accuracy, precision, recall and F1-score.

Clustering [49] Accuracy.
[75] N/A

Clustering and
Classification [74] Cluster stability by expanding the number of

clusters from 3 to 5.
[78] Computational time, accuracy and F1-score.

Regression [68] RMSE and computational time.
[66] MSE, RMSE, MAE and R2.

Reinforcement Learning [72] Cumulative reward.

Several studies apply clustering or grouping techniques, and in general, the results
from this approach are positive. For example, in [72], the authors state A cluster-based RL
can learn a significantly better policy within 100 days compared to learning per user and learning
across all users, provided that a suitable clustering is found.

These observations, along with the findings in the previous section, are consistent with
the results of other studies identified in our survey. Little attention is paid to performance
evaluation at the individual level, and the results obtained are generally based on calcula-
tions made on the entire dataset. In some cases, training or evaluation was based on data
from a single participant; however, in all cases, it remains unclear whether different results
could be obtained by examining individual subjects. No truly personalized approach to the
evaluation of the ML algorithm can be found, but when clustering approaches are applied,
promising results are obtained.

5.4. Findings on Human Digital Twin Dataset Considerations

A significant concern in HDT implementations is the quality and quantity of data.
In Table 9, the 23 articles that discussed dataset considerations can be found. A recurring
theme in the studies we examined is the issue of missing data. For example, in [11], a study
on improving data quality by data imputation can be found. In the work of Fuller et al. [2],
when discussing the challenges in obtaining useful data, it is stated that “It needs to be quality
data that are noise-free with a constant, uninterrupted data stream.” Since in HDTs some of the
data, such as daily surveys, depends on the consistency of the participants, such quality
requirements are challenging to meet [79]. Some of these concerns are also highlighted in
the survey by Ding et al. [9] on the datasets used in human behavior analysis.
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Table 9. Articles found on dataset considerations.

Category Publications

Dataset considerations General [2,9,11,79–84]

Feature evaluation [70,85–91]

Meta-learning [61,62,78,92–94]

In Table 10, an overview of the data characteristics of the applications described in
the articles in the previous sections is presented. We use these articles because most of the
articles in Table 9 do not describe HDT applications. In Appendix A, more details can be
found concerning the type of data and the content of the features.

Table 10. Application objective and dataset characteristics.

Category Individuals Features Frequency Data Type

Anomaly Detection [64] 200 Signal Stream Physiological
[70] N/A N/A Stream Physiological+Behavior

Classification [21] 48 4 Periodical Behavior
[77] 257 52 Single Physiological
[48] 400 25 Single Physiological
[53] 10 N/A Periodical Behavior
[42] 10 Image Single Physiological
[11] 11 22 Periodical Behavior+Context
[56] 48 3 Stream Physiological
[76] 48 Signal Stream Physiological
[73] N/A 8 Single Physiological+Behavior
[65] 17 94 Stream Behavior+Context

Clustering [49] 2 to 500 Signal Stream Physiological
[75] 656 51 Single Physiological

Clustering and Classification [74] 297 16 Single Physiological
[78] 43 4 Periodical Behavior

Regression [68] 10 5 Periodical Physiological+Behavior
[66] 116 11 Single Physiological+Behavior

Reinforcement Learning [72] 100 N/A Periodical Behavior

By examining the frequencies and data types of the applications listed, we can observe
that, in general, DTs that focus on disease detection and diagnosis utilize physiological data,
such as MRI scans (single observations) or ECG data (streams). DTs that perform coaching
tasks rely on behavioral data such as activity data or step data, which can be complemented
by context or physiological data. By examining the number of patients or participants, we
observe that in most cases, the number of individuals in each dataset is limited. However,
the number of records per individual can be quite extensive. In general, the number of
individuals and the resulting data quantity are not considered problematic; however, some
articles suggest that the results could be different or improved if more individual datasets
were available [53,68]. Data quality is discussed in most articles, but only [11] provides a
detailed discussion on the measures taken to improve data quality.

Another problem with human data, identified by Deep et al. [70], is caused by con-
founding variables and activities. In some cases, activities that are very different can
yield similar data readings from sensors, such as smartwatches or IoT devices. This is
called confounding activities. Confounding variables arise when an unmeasured variable
influences several others, creating apparent causal connections. These phenomena make
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feature selection an essential part of improving the efficiency and accuracy of the learning
task. In the article by Deep et al., one of the suggestions made for further research on
algorithm improvement is to investigate the implementation of deep learning models such
as DNN, CNN, Autoencoder, RBM, RNN, and independent component analysis algorithms
for automatic feature extraction and classification.

Feature selection is a well-studied field in the context of data science, particularly
when analyzing large datasets with a substantial number of features. In our survey, we
found that feature selection is considered crucial to making the learning process more
efficient and precise. It can be challenging to determine the most suitable algorithm from
the many available and "often relies on the expertise of a human or a random trial-and-error
approach" [86].

In the context of HDTs, the challenge often lies in the fact that the number of features
is relatively large compared to the number of samples. In [87], an approach is proposed to
achieve meaningful information for feature selection in this situation. When the sample
size is larger, one of the techniques used is meta-learning, where the characteristics of the
dataset are used as input for selection processes [94].

Most often, meta-learning is employed in preprocessing and feature selection, as well
as in algorithm selection, particularly when addressing classification problems. In [93],
a method is proposed to apply meta-learning to recommend the most suitable classification
algorithm for a given situation. In this method, both structural and statistical information
are used to identify the nearest neighbors within a labeled set of datasets. Based on these
nearest neighbors, the appropriate classification algorithm is recommended. The results
of this study demonstrate that meta-learning can be effective in selecting classification
algorithms. However, in our research, we have not found an application of meta-learning
in the context of HDTs. In our recent work [78], we discuss the possibility of clustering-
based meta-learning for the VFC platform as a first step to explore the opportunities that
meta-learning offers in the context of HDTs.

6. Conclusions, Perspectives, and Discussion
We discussed that one of the significant advantages of HDT is its ability to provide

personalized support in healthcare. Creating efficient, personalized healthcare through
the use of HDTs presents several challenges. Data quality and quantity can be an issue,
as can noise and confounding variables. Furthermore, considering that the physical twin is
a cognitive entity that adapts to its environment and the Digital Twin’s output demands
constant monitoring of the accuracy of its virtual counterpart.

As can be seen from a comparison between the findings on ML and HDT and the
findings on datasets, there is a sharp contrast between the approach taken to feature
selection and, in a lesser way, to algorithm selection in the field of data science, compared
to the way selection processes are conducted for HDT applications. Although studies
have been conducted for nearly two decades on the subject of meta-learning using dataset
characteristics, there seems to be a total absence of its application in HDTs. Since data
quality and algorithm performance are crucial factors in the success of HDTs, and in
many cases, regular model updates are necessary to compensate for drift, we identify
opportunities for improvement in this area.

Furthermore, we have established that there is a lack of knowledge regarding the
selection and evaluation of personalized models. The most common approach is to use
generalized models, and there are no truly personalized assessment methods. This is
essential, considering individual adaptation, to keep the virtual object optimally adapted
for the physical object in the HDT configuration.
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Further Research

Based on the discussion in the previous section, we suggest the following research
question for further research.

Question. How can the optimization of human data feature engineering and personalized model
selection be achieved in Human Digital Twins, and can techniques such as meta-learning be of use
in this context?

The focus here should lie on investigating the challenges that arise from the fact that
each human, and thus each physical twin in the Digital Twin system, is a unique, evolving
individual, requiring continuous personalized adaptation of the ML components of the
HDT application. By answering this question, more insight should be gained for ways to
improve HDT’s accuracy. Higher precision is essential for better diagnosis results, used,
for example, for precision medicine. Furthermore, improved behavior prediction, utilized
in a wide range of coaching and supervision applications, will enhance the trust and
motivation of patients or participants using these applications.
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Abbreviations
The following abbreviations are used in this manuscript:

DT Digital Twin
HDT Human Digital Twin
AI Artificial Intelligence
ML Machine Learning
IoT Internet of Things
VFC Virtual Fitness Coach
SL Supervised Learning
USL Unsupervised Learning
SSL Semi-Supervised Learning
RL Reinforcement Learning
AUC Area under the curve
CCI correctly classified instances
ICI incorrectly classified instances
RMSE Root Mean Square Error
MSE Mean Squared Error
MAE Mean Absolute Error
ROC Receiver Operating Characteristics
R2 Coefficient of Determination
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ADA AdaBoost Classifier
ANN Artificial Neural Network
CNN Convolutional Neural Network
DNN Deep Neural Network
DTC Decision Tree Classifier
DTR Decision Tree Regression
ESN Echo State Network
FCN Fully Convolutional Neural Networks
GBA Gradient Boost Algorithm
GMM Gaussian Mixture Model
GRU Gated Recurrent Units
KNN k-Neighbors Classifier
LR Logistic Regression Classifier
LSPI Least-Squares Policy Iteration
LSTM Long Short-Term Memory networks
MLP Multi Layer Perceptron
NB Naive Bayes
NLR Non-linear regression
NN Neural Networking Classifier
RBM Restricted Boltzmann machine
RF Random Forest Classifier
RFR Random Forest Regression
RIDOR Ripple Down Rule Learner
RIPPER Repeated Incremental Pruning to Produce Error Reduction
RNN Recurrent Neural Network
SARIMAX Seasonal Auto-Regressive Integrated Moving Average with eXogenous factors
SGD Stochastic Gradient Descent Classifier
SMOTE Synthetic Minority Over-sampling Technology
SVC Support Vector Classifier
WNN Wavelet Neural Networks
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Appendix A. List of Features

Table A1. A chronological overview of the articles found on algorithm selection and performance evaluation for HDTs.

Publication Date Dataset Type Dataset Size Algorithms Evaluation Method/Metric Results

[21]
2018-02

Step data collected over 12 weeks,
resulting in 349,920 measurements.

ADA, DTC, KNN, LR, NN, RF, SGD,
SVC. On average, the personalized models outperform the general models,

with the RF algorithm achieving the highest average accuracy of 93%.
But there is a significant spread in optimal model when looking
at an individual level.

48 participants. Accuracy and F1-score of classification
using generalized or personal models.

[71]
2018-07 N/A N/A This survey focuses on the different wearable devices available for

self-health tracking.

[77]
2018-07

Per patient 275 feature maps based
on MRI scans were created, of which
52 were selected.

CNN, RF. In this study, an RF-based segmentation method is compared to more
commonly used CNN models and shown to provide good results.

257 patients. Confusion matrix.

[72]
2018-10

Simulated activity data with 3
different user profiles.

Q-learning, LSPI, combined with
K-medoids clustering. This study compares batch learning to online learning but additionally

shows that a clustering approach can achieve good results compared
to individual and non-personalized learning approaches.Simulated data for 100 users. Cumulative reward.

[48]
2019-03

25 features describing blood values. NB, KNN, RF.
RF classifier performs best on the given dataset, but there was only a
single point of evaluation, and no investigation of time development.400 instances. Accuracy, precision, recall, F-measures,

and execution time.

[53]
2019-07

Ten phone log datasets, with 55,105
phone call activities and metadata.

ZeroR, NB, DTC, RF, SVM, KNN, ADA,
LR, RIPPER, RIDOR, ANN. The results of this study show that tree-based models yield higher

prediction results for context-aware smartphone usage models. In
comparison, neural network-based models do not achieve the same
prediction accuracy. One reason for this could be the limited number of
samples in the individual phone usage data.

10 individuals. Precision, recall, F-measures, kappa,
CCI, ICI, ROC, MAE and RMSE.

[64]
2019-08

ECG data stream. CNN. In this article, a proof of concept is examined. Although the authors
discuss the options of other models that the CNN model used, no
evaluation of other models is performed.Data from 200 patients. Accuracy.
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Table A2. A chronological overview of the articles found on algorithm selection and performance evaluation for HDTs.

Publication Date Dataset Type Dataset Size Algorithms Evaluation Method/Metric Results

[42]
2019-12

Physical information such as gender,
blood pressure, and cholesterol was used
with the RF classifier. Facial image data
was used with K-Means and 2 CNN
classifiers.

RF, CNN, K-Means. No evaluation or justification of the selected algorithms is given.

10 participants. Accuracy.

[70]
2020-01

Various datasets concerning anomalous
behavior detection for elderly care. Wide range of classification techniques. This survey presents a list of pros and cons for investigated

methods but no explicit comparison.
Various. Accuracy, precision, recall and F-scores.

[11]
2020-02

22 features, containing athletes’ activity,
mood, and energy intake data. KNN, SVM.

SVM classifiers are more robust but achieve worse performance
than KNN classifiers.11 participants, 10 measurements

consisting of data over 3 days per
participant, resulting in 110 data vectors.

Classification loss.

[28]
2020-04 N/A

RL algorithms. This survey provides an overview of work that employs RL
for personalization.N/A

[69]
2020-04

MRI scan.
N/A

The article proposes an architecture for a digital twin of the
behavior of lung cancer in patients but provides no technical details.N/A

[37]
2020-10 N/A

SVM, CNN, KNN, Trees, RNN, LR,
GMM, NN, LSTM, ESN, WNN,
non-linear regression, FCN, NB.

This survey gives an overview of the different models used in
current studies, and also the types of wearable devices used.

N/A

[67]
2020-10

N/A N/A
This study describes the architecture for a DT aimed at providing
precision medicine for MS patients.
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Table A3. A chronological overview of the articles found on algorithm selection and performance evaluation for HDTs.

Publication Date Dataset Type Dataset Size Algorithms Evaluation Method/Metric Results

[56]
2021-12

Electroencephalography, one channel
vertical electro-oculogram and one
channel chin electro-myogram.

RF, LR, SVM, C5.0. The study validated the proof of concept of a Digital Twin using an
EEG headset. The SVM classifier was found to achieve the highest
accuracy, but no in-depth evaluation of the different algorithms
was provided.Data from 48 stroke survivors. Accuracy, sensitivity, specificity,

precision, AUC.

[76]
2021-12

MIT-BIH Arrhythmia Database. CNN, LSTM, MLP, SVC, LR. The metrics of the different classifiers are compared with each
other, showing that NN-based classifiers outperformed the others
for some metrics, but the LSTM classifier had the best results for
macro and weighted average for precision, recall, and F1-score.

48 half-hour excerpts of two-channel
ambulatory ECG recordings.

Most metrics applicable to
classification.

[49]
2022-02

Electrocardiogram data. Wide range of unsupervised methods.
Several clustering techniques are compared, and different
applications of the clustering results are discussed. The different
algorithms are compared, but only general use cases are suggested.
No specific selection is proposed.

Ranging between 2 and 500. Accuracy.

[73]
2022-03

Age and 7 risk factors consisting of a
combination of physiological data and
behavior data.

LR. The article focuses on the implementation of combining
mechanical models with ML models and does not provide
detailed information on the ML models used.

N/A F1-Score, AUC and accuracy.

[74]
2022-03

16 biomarkers collected from serum and
urine. Extra information, including
assessment of radiographs of knees and
hands, MRIs, and CT scans of the knees,
and outcomes of physical examinations
and questionnaires.

K-Means, followed by RF. The combination of clustering followed by RF classification makes
it possible to determine which variables determine the cluster
membership.

297 patients. Cluster stability by expanding the
number of clusters from 3 to 5.

[15]
2022-05

N/A N/A
In this survey, the distinction between DT and HDT is identified,
and several additional design requirements are introduced.
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Table A4. A chronological overview of the articles found on algorithm selection and performance evaluation for HDTs.

Publication Date Dataset Type Dataset Size Algorithms Evaluation Method/Metric Results

[23]
2022-07

N/A N/A
This study provides key design features and an architectural framework
to implement HDTs. It also highlights some technical challenges.

[75]
2023-01

51 plasma EV-miRNAs. K-Means. In this study, clustering is used to identify lung health. The focus lies on
the usability of the given dataset to achieve this goal, but it does not
expand on the ML techniques used.

656 patients. N/A

[68]
2023-02

Weight, activity and diet. SARIMAX, LSTM, GRU, Transformer. Based on computational time and the RMSE results, this study
concludes that GRU or LSTM is best to be used in a production
environment.

10 participants, 100 days. RMSE and computational time.

[66]
2023-03

Blood samples, demographic,
anthropometric, and clinical data. LR, DTC, RFR, GBA. Although the results for the individual models are presented by the

authors, rather than selecting one optimal algorithm, the approach in
this article is to combine the results of the four different models.116 participants, 52 healthy women

and 64 with breast cancer. MSE, RMSE, MAE, and R2.

[65]
2023-06

Facial imaging and body movement
data.

Bagged trees, KNN, SVM (linear and
cubic). The authors perform an in-depth analysis of the data structure and

qualities of the models and conclude Due to the nature of the data, the
non-linear algorithms produced consistent findings. All the classification
methods consistently performed worse than the Bagged Trees and k-NN.

17 participants, performing 6
emotional states.

Accuracy, precision, recall,
and F1-score.

[78]
2024-09

Step data. Manual clustering and RF. This study demonstrates that a clustering approach to personalization
is a viable concept that can reduce computational time without
significant loss of accuracy.43 Computational time, accuracy,

and F1-score.

[50]
2024-09

N/A
Several clustering, dimensionality
reduction, and anomaly detection
techniques.

This review demonstrates the applicability of UL techniques to improve
precision medicine applications.

Accuracy.
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